We have developed an easy-to-use and memory-efficient method called PhenotypeSeeker that (a) 1 3 generates a k-mer-based statistical model for predicting a given phenotype and (b) predicts the 1 4 phenotype from the sequencing data of a given bacterial isolate. The method was validated on 167 1 5
Introduction
k-mer length of 13 is sufficient to detect biologically relevant mutations, although in certain cases, 1 0 1 longer k-mers might provide additional sensitivity. The k-mer length in PhenotypeSeeker is a user-1 0 2 selectable parameter. Although most of the phenotype detection can be performed with the default k-1 0 3 mer value, we suggest experimenting with longer k-mers in the model building phase. All subsequent 1 0 4 analyses in this article are performed with a k-mer length of 13, unless specified otherwise. PhenotypeSeeker was applied to the datasets composed of P. aeruginosa genomes and corresponding 1 0 7 ciprofloxacin MIC-s. We built two separate models using a continuous phenotype for one and binary (Fig 3, S2 File) . These genes encode DNA topoisomerase IV subunit A and DNA gyrase 1 1 2 subunit A, the target proteins of ciprofloxacin [19] . Mutations in the QRDR regions of these genes are In addition to the P. aeruginosa dataset, we tested a C. difficile azithromycin resistance dataset (S2 In addition to antibiotic resistance phenotypes in P. aeruginosa and C. difficile, we used K. length of 13 was used, and a weighted approach was tested on binary phenotypes (Table 1) . When using sequencing reads instead of assembled contigs as the input, we required a minimum frequency accuracy is not lower when using raw sequencing reads instead of assembled genomes, and therefore, 1 5 2 assembly building is not required before model building. Our results with K. pneumoniae show that
PhenotypeSeeker can be successfully applied to other kinds of phenotypes in addition to antibiotic 1 5 4 resistance.
1 5 5 shown. The maximum number of 13-mers selected for the regression model was 1000. In cases where 1 5 7
sequencing reads were used as the input, a minimum frequency of 5 for a 13-mer was required to 1 5 8 reduce the influence of sequencing errors. In our trials, the model building on a given dataset took 3 to 5 hours per phenotype, and prediction of 1 6 1 the phenotype took less than a second on assembled genomes (Table 1 ). The CPU time of model The memory requirement of PhenotypeSeeker did not exceed 2 GB if default parameter settings are potentially strong impact on model performance. The tables in the S1 File show the effects of 1 6 9 different p-value cut-offs on model performances.
Comparison with other software 1 7 1
We ran SEER and Kover on the same P. aeruginosa ciprofloxacin dataset and C. difficile In the P. aeruginosa dataset, SEER was able to detect gyrA and parC mutations only when resistance
was defined as a binary phenotype. In cases with a continuous phenotype, those k-mers did not pass exhaustive list of significant k-mers, it was expected that not all the mutations would be described in 1 7 7 the output. gyrA variation already sufficiently characterized the resistant strains set, and therefore, to zero because they were present in the same strains as gyrA specific predictive k-mers.
In the C. difficile dataset, our model included the known resistance gene ermB and transposon 1 8 3
Tn6110. We were able to find ermB with both SEER and Kover. We also detected Tn6110-specific k- Regarding the CPU time, PhenotypeSeeker with 13-mers was faster than other tested software 1 8 6 programs (3.5 hrs vs 14-15 hrs) without losing the relevant markers in the output ( PhenotypeSeeker works as an easy-to-use application to list the candidate biomarkers behind a studied 1 9 7 bacterial phenotype and to create a predictive model. Based on k-mers, PhenotypeSeeker does not 1 9 8 require a reference genome and is therefore also usable for species with very high intraspecific 1 9 9 variation where the selection of one genome as a reference can be complicated. Unlike SEER, PhenotypeSeeker is easier to install and can be run with only a single command for 2 0 7 building a model and another single command to use it for prediction. Our tests using PhenotypeSeeker to detect antibiotic resistance markers in P. aeruginosa and C. difficile showed that it is capable of detecting all previously known mutations in a reasonable amount forms of antibiotic resistance that are unambiguously determined by one or two specific mutations or 2 1 7 the insertion of a gene are likely to be successfully detected by our method, and effective predictive 2 1 8 models for subsequent phenotype predictions can be created. This is supported by our prediction 2 1 9 accuracy over 96% in the C. difficile dataset. On the other hand, P. aeruginosa antibiotic resistance is 2 2 0 one of the most complicated phenotypes among clinically relevant pathogens since it is not often 2 2 1 easily described by certain single nucleotide mutations in one gene but rather through a complex 2 2 2 system involving several genes and their regulators leading to multi-resistant strains. In cases such as 2 2 3 this, the prediction is less accurate (88% in our dataset), but nevertheless, a complete list of k-mers 2 2 4 covering differentiating markers between resistant and sensitive strains can provide more insight into 2 2 5 the actual resistance mechanisms and provide candidates for further experimental testing. Tests with K. pneumoniae virulence phenotypes showed that PhenotypeSeeker is not limited to 2 2 7 antibiotic resistance phenotypes but is potentially applicable to other measurable phenotypes as well 2 2 8 and is therefore usable in a wider range of studies. Since PhenotypeSeeker input is not restricted to assembled genomes, one can skip the assembly step 2 3 0 and calculate models based on raw read data. In this case, it should be taken into account that 2 3 1 sequencing errors may randomly generate phenotype-specific k-mers; thus, we suggest using the 2 3 2 built-in option to remove low frequency k-mers. The k-mer frequency cut-off threshold depends on 2 3 3 the sequencing coverage of the genomes and is therefore implemented as user-selectable. One can 2 3 4 also build the model based on high-quality assembled genomes and then use the model for corresponding phenotype prediction on raw sequencing data. PhenotypeSeeker was tested on the following three bacterial species: Pseudomonas aeruginosa, The P. aeruginosa strains were isolated during the project Transfer routes of antibiotic resistance . MICs were determined by using the epsilometer of correctly classified instances across both classes (0 and 1). Additionally, the model provides Our models were created using mainly k-mer length 13 ("-l 13"; default). We counted the k-mers that filtering step, we filtered out the k-mers that were present in or missing from less than two samples ("-3 2 8
-min 2 --max 2"; default) when the analysis was performed on a binary phenotype or fewer than ten 3 2 9
samples ("--min 10 --max N-10"; N -total number of samples) when the analysis was performed on a 3 3 0 continuous phenotype. In the next filtering step, we filtered out the k-mers with a statistical test p-3 3 1 value larger than 0.05 ("--p_value 0.05"; default).
2
The regression analysis was performed with a maximum of 1000 lowest p-valued k-mers ("--n_kmers; 3 3 3 1000"; default) when the analysis was done with binary phenotype and with a maximum of 10,000 3 3 4 lowest p-valued k-mers ("--n_kmers 10000"; default) when the analysis was performed with a 3 3 5 continuous phenotype. For regression analyses, we split our datasets into training (75%)
and test (25%) sets ("-s 0.25"; default). The regression analyses were conducted using Lasso 
